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the activity coefficients of themetabolites, and thereby for the assessment of the impact of the presence of backgroundmolecules,
on theestimationof theGibbs freeenergychange (DrG) of the reactions.The lactic acid pathwayand thecentral carbonmetabolism
of Actinobacillus succinogenes for the production of succinic acid from glycerol have been used as illustrative case studies.
Results suggest the importanceofmaintaining intracellular crowded regions to favor the feasibility of a pathway that in other circum-
stances would be infeasible. Moreover, the crowding conditions may change the directionality of reactions and can modify
the feasible range of fluxes estimated for a metabolic system compared with those obtained at standard biological conditions.INTRODUCTIONStoichiometric-based models are valuable tools for the esti-
mation of the likely range of fluxes in a metabolic network
under certain environmental conditions (1–4).
The use of thermodynamic constraints allows the calcula-
tion of fluxes in the direction of the Gibbs free energy drop
(5). Thermodynamic analysis indicates the feasibility, direc-
tionality, and reversibility of the reactions involved in the
network by the estimation of the corresponding change in
Gibbs free energy DrG, which depends on intracellular con-
ditions such as pH, ionic strength (I), temperature (T), activ-
ity of the metabolites, and also the intracellular crowding
conditions (6).
The cytoplasm contains several species including macro-
molecules (e.g., the enzymes) and solutes whose concentra-
tions are not considered high but all together may occupy
~40% of the cellular space (7). Due to the impenetrability
of the molecules, this reduces the available volume for the
motion and reaction of the species (excluded volume effect).
Hence, the macromolecular crowding may affect the equi-
librium and rate of the reactions involving changes in the
available volume (7).
The thermodynamic activity of a metabolite a0 (equiva-
lent to the number of moles per available volume) is related
to its concentration C (moles per total volume) through the
activity coefficient of metabolite, g, a0 ¼ gC/Cst. Here g is
the ratio between the total volume and the available volume,
while Cst is the standard concentration.
The activity coefficient, g, encompasses the deviations
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0006-3495/15/12/2394/12of interactions among the molecules, e.g., interactions due
to crowding and electrostatics. Under crowding conditions
such interactions are also due to steric repulsion (7). This
article focuses on the crowding effect on the thermody-
namics of biochemical reactions.
Assuming that all the species in a solution are volumeless
particles, then the available volume is equal to the total vol-
ume of the solution, and therefore g ¼ 1. However, in a
more realistic scenario where the available volume is
reduced due to the presence of background molecules of
different size (and therefore g > 1), the activity of the reac-
tants is increased. This could shift an infeasible reaction
(DrG > 0 for a positive net reaction flux) to a feasible one
(DrG < 0) even at low reactant concentrations.
Several attempts have been made to integrate the thermo-
dynamic information to flux balance analysis or to other
stoichiometric methods (8–16), but none of them has devel-
oped an explicit relationship between the crowding condi-
tions and the thermodynamic analysis.
Nevertheless, the crowding effect has been incorporated
to flux balance analysis (17) by restricting the maximum
number of macromolecules or the concentration of cyto-
plasmic enzymes. Through this restriction and the use of
kinetic parameters, the maximum metabolic flux attainable
for a reaction is estimated. However, the influence of crowd-
ing conditions on the thermodynamic feasibility of a
pathway and its corresponding flux distribution has not
been analyzed.
Scaled particle theory (SPT) (18,19) provides the theoret-
ical framework to calculate the activity coefficients of spe-
cies in a hard-sphere mixture as a function of the
concentration and the radii of the metabolites. SPT has
been widely used to examine the influence of macromolec-
ular crowding on the stability (20) and thermodynamichttp://dx.doi.org/10.1016/j.bpj.2015.09.030
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estimation of the osmotic pressure (23).
The aim of this article is to illustrate the qualitative effect
of the macromolecular crowding on thermodynamic anal-
ysis of metabolic pathways, and its further impact on the
prediction of ranges of fluxes. To achieve this, we used
SPT for the estimation of the activity coefficients and we
subsequently coupled the crowding effect with thermody-
namically constrained flux variability analysis, formulated
as a nonlinear optimization problem.
Our illustrative case studies to demonstrate the excluded
volume effects on the prediction of Gibbs free energies and
ranges of fluxes of a metabolic system are the lactic acid
metabolic pathway, and the central metabolism of Actinoba-
cillus succinogenes for the production of succinic acid from
glycerol, which is an industrially relevant biochemical sys-
tem with important implications in biorefinery engineering
for the valorization of the by-product crude glycerol of the
biodiesel manufacture (24–26).MATERIALS AND METHODS
The simultaneous solution of the mass conservation equation and the ther-
modynamic constraints is fundamental for the calculation of metabolic flux
distributions whose components do not violate the second law of
thermodynamics.Mass balance constraints
As with all stoichiometric models, this methodology is based on the
assumption that the intracellular reactions are at steady state, and they
are carried out in a homogeneous medium hence
S  v ¼ 0; (1)
where the m  (n þ N) stoichiometric matrix S contains the information
of m intracellular metabolites, and the n þ N reactions involved in the
metabolic network (n intracellular reactions and N reactions for the
transport of metabolites outside/inside the cell), while v is the (nþN)  1
flux vector.Incorporation of the crowding conditions on
thermodynamic constraints
The feasibility of a reaction in a certain direction is assessed by its DrG
value. The DrG of a metabolic reaction can be split into the intracellular
biochemical reaction contribution (DrGbr) and the (coupled) transport reac-
tion of some metabolites across the cell membrane (DrGtr),
DrG ¼ DrGbr þ DrGtr; (2)
where
DrGbr ¼
XProducts
i¼ 1
hi

Df G
00
i þ RT ln a0i
 XReactants
i¼ 1
hi

Df G
00
i
þ RT ln a0i

;
(3)DrGtr ¼ h þRT ln

10pHcþpHe
þ h þFDf: (4)H H
Here, hi is the stoichiometric coefficient of the metabolite i involved in the
intracellular reactions, and ai
0 its thermodynamic activity. DfGi
00 indicates
the transformed Gibbs free energy of formation of metabolite i (at a defined
constant pH value, and ionic strength I) (27). BecauseDfGi
00 is calculated at
the specified (constant) pH, the hydrogen ion Hþ is not included in the stoi-
chiometry of the intracellular reactions (27). In this article each metabolite
is represented by its pseudoisomer group.
The pseudoisomer group i consists of all the protonated species j formed
by the dissociation of metabolite i in aqueous solutions (27). The equations
used to estimate DfGi
00 are summarized in Appendix A.
An example of intracellular reactions coupled to the transport of metab-
olites, e.g., the transport of hydrogen ion Hþ across the membrane, is the
production of succinic acid (succ) from fumarate (fum) by the fumarate
reductase (28):
fumc þ NADHc þ Hþc!succc þ NADþc
2Hþc!2H
þ
e :
(5)
In Eq. 5, the fumarate reductase has been lumped to the NADH
dehydrogenase.Equation 4 only works for the Hþ transport from outside the cell into the
cell, but a more general transport equation can be found in Jol et al. (29).
Here, hHþ is used to represent the stoichiometric coefficient or number of
Hþ crossing the membrane, and F is the Faraday constant (equivalent to
2.306  102 kcal mV1 mol1).
The DrGtr value is a function of the H
þ concentration difference (or pH)
between both sides of the cell membrane (first terms of the right-hand side
of Eq. 4).
The second term of the right-hand side of Eq. 4 is the electrical potential
difference of the membrane. The difference between the internal potential
of the membrane and the external one (Df) is calculated as (5)
Df ¼ 33:33ðpHc  pHeÞ  143:33; (6)
where pHc and pHe are the intracellular and extracellular medium pH,
respectively.As shown in Eqs. 2‒4, DrG is a function of the metabolites’ activity ai
0,
defined as
a0i ¼ gi
Ci
Csti
; (7)
where Ci is the molar concentration of the metabolite i (i.e., moles per total
volume), and Csti is its standard concentration equal to 1 M.The activity coefficient gi represents the nonideal deviations raised by
molecular interactions. For example, when an electrolyte is dissociated
into its component ions, gi can be estimated using the Debye-Hu¨ckel equa-
tion (in fact, this expression is used to calculate DfGi
00 at different I, from its
standard Gibbs free energy of formation DfGi
0 at the biological standard
conditions pH ¼ 7, I ¼ 0 M, and T ¼ 298.15 K).
Assuming hard-core molecules, and no molecular interactions other than
steric repulsion, gi can be estimated using SPT.
The activity of the solvent, water in this case, awater
0 can be calculated
from the difference between its chemical potential in the solution (mwater,sol)
and the chemical potential of pure water (mpure_water) (30):
kBT ln a
0
water ¼ mwater;sol  mpure water: (8)
According to SPT, the chemical potential of species i, mi, is defined as
(18,19)mi ¼ kBT ln
 
rih
3
ð2pmikBTÞ
3
2
!
þ kBT ln gi; (9)Biophysical Journal 109(11) 2394–2405
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is Boltzmann’s constant (equivalent to 1.3806  1027 g cm2 s2 K1), ri
is the density number (molecules per cm3), and mi is the mass of one mole-
cule i (g per molecule).
Using Eq. 9 to calculate mwater,sol and mpure_water and substituting them in
Eq. 8, we get
a0water ¼
rwater;solgwater;sol
rpure watergpure water
; (10)
where rpure_water is proportional to water concentration 55.34 M, i.e.,
r ¼ 3.3327  1022 molecules per cm3.pure_water
Scaled particle theory
The mathematical derivation of SPT (18,19) is based on the calculation of
the probability to find an empty cavity in an arbitrary location of the
mixture or solution analyzed, where a molecule of certain size and shape
can fit without overlapping with other molecules.
SPT allows the analysis of mixtures of molecules of different size, but
with the same shape. In this article we assume that all the metabolites are
hard spheres whose radii are proportional to the cubic root of their molec-
ular weight. Therefore, the activity coefficient of the metabolite i (gi) can be
expressed as (18,19)
ln gi ¼ lnð1 S3Þ þ

6S2
1 S3

ri þ
"
12S1
1 S3
þ 18S
2
2
ð1 S3Þ2
#
r2i þ
"
8S0
1 S3 þ
24S1S2
ð1 S3Þ2
þ 24S
3
2
ð1 S3Þ3
#
r3i ; (11)
where Sx (0% x% 3) is given bySx ¼ p
6
Xm
i¼ 1
rið2riÞx (12)
r ¼ CiNA (13)i 1000
0 11
3ri ¼ B@ Miyi4p
3
NA
CA ; (14)
where ri represents the density number (molecules per cm
3), ri the radius
(cm), yi the specific volume (cm
3 g1), Ci the concentration (mol L
1),
and Mi is the molecular weight (g mol
1) of metabolite i, while NA is Avo-
gadro’s number. Note that the denominator in Eq. 13 is a conversion factor
from 1 L to 1000 cm3.
As can be seen in Eqs. 11–14, gi depends on the density number (or its
equivalent concentration) of all species (metabolites and macromolecules)
present in the cell or the system analyzed, regardless if they are involved or
not in a reaction. Hence, the impact of inert molecules (or crowders) can be
easily simulated.
To do that, additional information related to the crowder molecules has to
be provided such as the concentration (or its equivalent the density num-
ber), and radii (or the specific volume and molecular weight).
In this article, the coupling of both constraints (mass balance and thermo-
dynamics) is formulated as a nonlinear optimization (nonlinear program-
ming) problem. This methodology (expressed in Eqs. 15–22 below)Biophysical Journal 109(11) 2394–2405allows the prediction of thermodynamically feasible ranges of fluxes, intra-
cellular metabolites’ concentrations, and Gibbs free energy change (DrG) of
the reactions involved in a metabolic network under crowding conditions:
maximize=minimize func
s:t:;
(15)
S  v ¼ 0 (16)vmin;k%vk%vmax;k (17)Cmin;i%Ci%Cmax;i if for any reaction y;8 9
y ¼ 1; :::; nr of reactions
<
:
hi;yvy > 0
or
vy ¼ 0 and DrGy ¼ 0
=
;
Ci ¼ 0 otherwise;
(18)
vk  DrGk%0 (19)absðv Þ þ DrGk v %0 (20)k
tol
k
DrGk ¼ DrGbr;k þ DrGtr;k (21)Ccrowder;Mcrowder; ycrowder: (22)In the above scheme, the objective function, func (Eq. 15), represents the
variable of the system, the range of which we want to estimate bycomputing its maximum and minimum values. It can be the net flux of
the reaction k (vk), the concentration of the metabolite i (Ci), or the Gibbs
free energy of the reaction k (DrGk).
The inputs for the nonlinear programming formulations (Eqs. 15–22) are
DfG
00 of all metabolites at the pH and I conditions of the system, the spe-
cific volume (y) and the molecular weight M of the system molecules
(including ycrowder and Mcrowder), and the tolerance value for the Gibbs
free energy change (tol), that is the value beyond which DrGk is considered
as nonzero; in this article we use tol ¼ 104 kcal mol1.
Equations 17 and 18 represent the lower/upper bounds of the variables vk
and Ci, respectively, given by either experimental measurements or physi-
ological limits. It should be noted here that if the values of one or more
fluxes and/or concentrations (vk or Ci) are known, their corresponding
lower/upper bounds can be modified appropriately to restrict the computed
range of the other unknown variables.
Here we assume that a reaction is blocked (i.e., its enzyme is absent or
inactive) when vk ¼ 0 and DrGks 0, hence the concentration of the metab-
olites produced from this reaction is equal to zero. A metabolite has nonzero
concentration when 1) it is produced by at least one reaction y, with nonzero
flux, y ¼ 1,.,nr_of_reactions, hence hi,yvy > 0, or 2) when reaction y is at
equilibrium (vy ¼ 0 and DrGy ¼ 0), otherwise Ci ¼ 0 (Eq. 18).
Equation 19 restricts the flux of reaction k, vk of the metabolic network to
the direction of the corresponding Gibbs free energy drop, DrGk; hence vk
and DrGk have opposite sign. The prediction of a negative flux value means
that the reaction goes in the opposite direction to that indicated in S.
Equation 20 is always valid when a reaction is not at (or even far from)
thermodynamic equilibrium, hence abs(DrGk) R tol. Then it follows that
absðvkÞ%ðDrGk=tolÞvk . If DrGk is estimated as zero (thermodynamic equi-
librium), i.e., when abs(DfGk) < tol, then Eq. 20 can only be satisfied when
vk ¼ 0, in practice when abs(vk) < tol_opt and tol_opt being the tolerance
for convergence of the optimizer, here set to 106.
Unlike previous thermodynamically based stoichiometric models, in
this formulation there is an explicit relationship between the crowding
TABLE 1 Lactic acid pathway, transformed standard reaction
Gibbs free energy, and metabolite concentration ranges
Reactions
DrG
00 (6)
(kcal mol1)
Metabolite
Concentration
Ranges (6) (mM)
(1) glc þ ATP! g6p þ ADP 4.00 13dpg 0.06–0.25
(2) g6p! f6p 0.39 2pg 0.0295–0.295
(3) f6p þ ATP! fdp þ ADP 3.40 3pg 0.118–1.18
(4) fdp! dhap þ g3p 5.70 ADP 0.075–0.84
(5) dhap! g3p 1.79 ATP 0.31–1.85
(6) g3p þ NAD þ pi!
13dpg þ NADH
1.50 dhap 0.138–1.38
(7) 13dpg þ ADP! 3pg þ ATP 4.50 f6p 0.014–0.48
(8) 3pg! 2pg 1.09 fdp 0.031–3.29
(9) 2pg! pep 0.39 g3p 0.0185–0.185
(10) pep þ ADP! pyr þ ATP 7.50 g6p 0.083–1.21
(11) pyr þ NADH! lac þ NAD 5.99 glc 5–5
lac 0.014–5
NAD 0.65–3.55
NADH 0.038–0.145
pep 0.023–0.6
pi 0.5–1
pyr 0.051–0.4
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olites) and the thermodynamic constraint. This relationship is given by the
calculation of DrGk (Eq. 21), which is a function of the activity of the me-
tabolites (ai) (Eq. 2‒4, 7, 10 and 11), i.e., their concentrations (Ci) and ac-
tivity coefficients (gi). Here gi (Eq. 11) takes also into account the presence
of background molecules. Equation 22 indicates the parameters related with
the properties of these molecules, i.e., concentration, molecular weight, and
specific volume.
In this article, the thermodynamic analysis is focused on intracellular re-
actions and not on the transport of the metabolites across the membrane,
except for those transport reactions coupled with biochemical ones, such
as the transport of the hydrogen ion Hþ (Eq. 5).
Due to the nonlinear nature of the problem expressed in Eqs. 15‒22,
several local optima can be computed. To increase our chances to approx-
imate the global optimum, we use the following initial guesses according to
the type of objective function (func) to optimize:
1) func ¼ vf, f% n (i.e., intracellular fluxes). The initial guesses composed
by all the fluxes vk (ks f), metabolite concentrations ln(Ci), and Gibbs
free energy changes DrGk are given by the solution of the linear optimi-
zation problems: (i) the corresponding mass balance (Eqs. 15–17),
where func ¼ vf; and (ii) the maximization/minimization of DrGf using
the linear Eqs. 2‒4, 7, 15, 18, and 21 assuming gi ¼ 1, whose vector so-
lution includes DrG and ln(C).
2) func¼ vf, n< f< N (i.e., extracellular fluxes). The initial guesses for the
fluxes are estimated as in Item 1. The initial guess for DrG is a unit vec-
tor whose elements have the opposite sign of the corresponding intracel-
lular flux previously calculated. The initial guesses for ln(C) are
(ln(Cmin)) and (ln(Cmax)).
3) func¼ ln(Cl), l< nr_of_species. The initial guesses for the fluxes are the
upper bound (vmax) and the lower bound (vmin) while DrG is estimated
from the solution of the linear optimization problems of maximizing/
minimizing func constrained by Eqs. 18 and 21 with gi ¼ 1.
4) func ¼ DrGf, f % n. The initial guesses are computed as in item 1.RESULTS AND DISCUSSION
Thermodynamic feasibility of lactic acid pathway
and glycolysis
The importance of the environmental conditions I, T, pH,
and pMg (the negative logarithm of Magnesium ions) and
of the concentrations of metabolites on DrG of the reactions
and therefore their feasibility is unquestionable (27).
Vojinovic and Stockar (6) have shown how these intracel-
lular factors can turn an infeasible pathway into a feasible
one. However, how important is the presence of background
molecules on this type of thermodynamic analysis has not
yet been clarified.
We take as an example the lactic acid metabolic pathway
and the DfGi
00 values reported in Vojinovic and Stockar (6)
(Table 1) to analyze the impact of crowding on the feasi-
bility of the pathway (the detailed information for the 11 re-
actions and 18 metabolites can be found in Tables S1–S3 in
the Supporting Material). Here, the standard state is defined
as I ¼ 0 M, pH ¼ 7, and T ¼ 298.15 K. The solvent is
considered as a continuum and therefore neglected.
Because SPT considers no other particle interactions than
the excluded volume, we use DfGi
00 at I ¼ 0 M, instead of
the physiological I¼ 0.2 M (which involves electrostatic in-
teractions) to carry out the thermodynamic analysis.The optimization problem given by Eqs. 2–4, 7, 11, 15,
18, 21, and 22 was solved using the function fmincon in
MATLAB R2011a (The MathWorks, Natick, MA), where
the variable func (Eq. 15) can be any DrGk. If a solution
with DrG < 0 is found then the pathway is determined as
thermodynamically feasible.
To evaluate the effects of crowding on the feasibility of
the lactic pathway, we use the same concentration bounds
for all metabolites by setting a fixed concentration lower
bound of 102 mM and varying the concentration upper
bound from 2 to 3.5 mM. Using these concentration bounds,
we estimate the DrG values of the reactions of Table 1 in the
presence of different concentrations of a single type of back-
ground molecules (crowder) of 72 kDa (31). The purpose of
this is to determine if the system is thermodynamically
feasible under a range of crowding conditions.
Assuming the size of all species (metabolites and macro-
molecules) is proportional to the cubic root of the molecular
weight of their neutral form with specific volume yi ¼
0.73 cm3 g1 (17), their radii can be estimated using
Eq. 14 (Scheme r f M1/3).
The r values estimated for some solutes such as glucose,
water, ethanol, and glycerol using yi ¼ 0.73 cm3 g1 are
within the experimental/calculated radii compiled by Tang
and Bloomfield (22).
Fig. 1 shows the feasibility diagram where the square-line
indicates the minimum crowder concentration Ccrowder that
makes the lactic pathway feasible (DrG < 0, regions I þ
II) for each concentration upper bound tested. In the absence
of crowders (Ccrowder ¼ 0 mM) and when the metabolites’
concentration bounds are very narrow (in this case, using
a concentration upper bound < 3.5 mM), then the pathway
is predicted as not feasible. As the concentration bounds areBiophysical Journal 109(11) 2394–2405
FIGURE 1 Feasibility diagram of the lactic acid pathway using different
metabolite concentration upper bounds (the concentration lower bound was
set as 102 mM) and crowder concentration (Mcrowder ¼ 72 kDa). (Square
line) The scheme r f Mi
1/3, according to Eq. 14. (Diamond line) The
scheme r ¼ 0, where the radii of all the metabolites are neglected. In
both cases the feasible region is the area above each line. For the scheme
r f Mi
1/3 the feasible region is given by region IþII, while for scheme
r ¼ 0 it corresponds to region I.
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R 3.5 mM), the thermodynamic constraints are relaxed so
the pathway becomes feasible. However, when there is an
increase in the crowder concentration the activity coeffi-
cients of the metabolites (Eq. 11) also increase. Therefore
their activities, which affect the estimation of DrG of the re-
actions, make the system thermodynamically feasible even
if the metabolites’ concentration upper bound is <3.5 mM.
To simplify the problem, we assume that small molecules
withM< 72 kDa (including all metabolites) are volumeless
particles (r¼ 0). Then Eq. 11 reduces to ln gi¼ln(1 – S3),
where S3 represents the volume fraction occupied by mole-
cules, in this case only by macromolecules. Then, the
reactions affected by the crowding are those where the
number of reactants are different from the number of
products, so that the nonideal term implicit in Eq. 3
(obtained when Eq. 7 is substituted in Eq. 3) is
RT lnðQProductsi¼1 ghii =QReactantsi¼1 ghii Þs0. Note that if this
nonideal term is equal to zero, then DrG is a function of
the metabolites’ concentration as it happens in dilute solu-
tions. However, because the system is feasible only when
all reactions have DrG < 0, then these crowding-sensitive
reactions can indirectly affect the maximum/minimumBiophysical Journal 109(11) 2394–2405DrG value attainable by other reactions. Fig. 1 shows the
feasibility diagram for metabolites with negligible radii.
For both schemes r¼ 0 and rfM1/3, the decrease of the
available volume due to the crowder’s presence push the
pathway toward the feasible region for a fixed concentration
upper bound.
However, when the radii of the metabolites are considered
(scheme r fM1/3), the pathway becomes feasible at lower
macromolecules concentrations. This is because the avail-
able volume to the center of mass of the metabolites de-
creases with the molecules’ size, which is taken into
account by the second, third, and fourth terms of Eq. 11.
The radius of the metabolite impacts directly the calcula-
tion of the activity coefficient (Eq. 11). In fact, for small
molecules (e.g., r < 200 Da), the first term of the right-
hand side of Eq. 11 becomes the most dominant term, while
for large molecules (e.g., macromolecules), the fourth term
is most dominant one.
The importance of the parameter r on the feasibility of a
pathway is also evident when a comparison is made using a
vector rrandom of random radii taken from the range r 5
0.1r for all the metabolites (where r is proportional to the
cubic root ofM and y ¼ 0.73 cm3 g1 as mentioned before)
but keeping constant the original rcrowder¼ 2.75 107 cm.
The range r5 0.1r covers most of the radii values reported
in Tang and Bloomfield (22) for each metabolite (glucose,
water, ethanol, and glycerol).
Fig. 2 A shows the general tendency to achieve feasibility
at lower Ccrowder as the bounds of metabolite concentration
are relaxed (i.e., when the concentration upper bound is
increased). Nevertheless, the specific Ccrowder value at which
the lactic acid pathway turns feasible depends on the molec-
ular radii of the metabolites.
Analyzing the effect of metabolites’ radius change on the
term RT ln(ai
0) of Eq. 3, we found that for a species i of
200 Da (ri ¼ 3.87  108 cm) with Ci ¼ 0.01 mM, in
the presence of crowders of 72 kDa (rcrowder ¼ 2.75 
107 cm, Ccrowder ¼ 10.5 mM), a radius change of 0.1ri
(T ¼ 298.15 K) causes an average change of 0.0604 kcal
mol1 in RT ln(ai0), while for a species i of 600 Da (ri ¼
5.58  108 cm) the average RT ln(ai0) change is
0.1112 kcal mol1. This indicates that for a larger molecule,
a change in its radius has more impact on the RT ln(ai
0) valueFIGURE 2 Feasibility diagram of the lactic acid
pathway using a range of metabolite concentration
upper bounds (the concentration lower bound was
set as 102 mM) and crowder concentrations. (A)
Three different random metabolite radii vectors
rrandom were tested, while the radius of the crowder
is equal to 2.75  107 cm for all cases. (B) Three
different crowder radii, 2.48  107, 2.75  107,
and 3.03  107 cm were tested; the metabolites’
radii were kept constant and proportional to the cu-
bic root of their molecular weight. The feasible re-
gion is the area above each line.
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olite i is involved.
In particular, NAD and NADH are the largest metabolites
in the lactic acid pathway. In Fig. 2 A, vector rrandom3 is
equal to rrandom1, except for the elements corresponding
to the radii of NAD and NADH, which are equal to those
given in rrandom2. The comparison of the minimum Ccrowder
required to make the lactic acid pathway feasible using me-
tabolites of radii rrandom3 (triangle line), rrandom1 (diamond
line), and rrandom2 (square line) indicates that the particular
radii of NAD and NADH contribute significantly to the dif-
ference shown between the feasibility diagram obtained for
rrandom1 and rrandom2 (Fig. 2 A). This suggests that reactions
where large-size metabolites are involved are more sensitive
to changes in the crowding conditions. The values of
rrandom1, rrandom2, and rrandom3 are given in Table S1.
Fig. 2 B shows the impact that changes in the crowder’s
radius (within the range rcrowder 5 0.1 rcrowder) have on
the feasibility diagram of the lactic acid pathway. For this,
the radius of each metabolite i was kept constant (calculated
from Eq. 14, yi ¼ 0.73 cm3 g1). As it can be seen, the
Ccrowder required to make the pathway feasible (for a spe-
cific metabolite concentration upper bound) is higher for
smaller crowder molecules. Nevertheless, the volume frac-
tion occupied by the crowder is similar for the three rcrowder
values tested. For example, using a metabolite concentration
upper bound of 2.5 mM, the volume fraction occupied by
the crowder is 0.634 (rcrowder ¼ 2.48  107 cm), 0.646
(rcrowder ¼ 2.75  107 cm), and 0.656 (rcrowder ¼ 3.03 
107 cm).
Although the intracellular crowding conditions may turn
a positive DrG to a negative value, they cannot overcome
by themselves the influence of uncertainties in the measure-
ments of DfGi
00 and of the concentration of the metabolites.
For example, using the physiological concentration
ranges reported as Range 2 in Vojinovic and Stockar (6)
(see Table 1), the lactic pathway could not be predicted as
feasible (scheme r fM1/3) even at high background mole-
cules concentration. In fact for this particular set of concen-
trations, Vojinovic and Stockar (6) found that the feasibility
of the pathway could be reached only under unrealistic I,
pH, and pMg.
On the other hand, slight variations were experimentally
detected in the intracellular concentration of pep and dhap
in Escherichia coli growing on either glycerol or acetate
(32), suggesting that DrG
00 of the reactions involved in
lower glycolysis (from dhap to pep) must be near equilib-
rium, so that these small variations cause the activation of
glycolysis in the direction required depending on the carbon
source used, i.e., dhap/ pep for glycerol, and pep/ dhap
for acetate.
Furthermore, the crowding conditions could help to
change the direction of the reactions in glycolysis. For
example, lumping reactions 8 and 9 of Table 1 into the
single reaction3pg/pep (23)
gives DrG
00 (I ¼ 0 M, pH ¼ 7, T ¼ 298.15 K) ¼ 1.48 kcal
mol1, with the concentration limits reported by Bennett
et al. (32) for the growth on glycerol: 1.04 mM < Cpep <
1.73 mM, and 3.36 mM < C3pg < 4.95 mM.
The DrG estimated for this reaction in absence of crow-
ders (Ccrowder ¼ 0 M) indicates the tendency toward the for-
mation of 3pg (DrG > 0), i.e., the likely glycolysis pathway
is active in the direction pep/ g6p, as was expected for
growing on acetate. However, under the presence of
16.9 mM (or higher) of crowders of 72 kDa (scheme r f
M1/3), which occupy 89% of the total volume, the likely di-
rection of reaction of Eq. 23 is (3pg/ pep) as indicated by
a computed negative DrG.
While the estimated volume fraction occupied by mole-
cules is more than twice that expected in the cell (~40%)
(7), this example shows qualitatively the change of reaction
direction due to the excluded volume effects.
Nevertheless, other intracellular conditions like I, pH, T,
and pMg (not considered in this example) may affect the
DrG
00 value making it to approach zero, as was suggested
by Bennett et al. (32).Then the crowding condition needed
to change the reaction direction could be within the physio-
logical 40%.
Moreover, the cell consists of a heterogeneous medium
where regions more crowded than others may occur, favor-
ing a metabolic pathway that in other circumstances or even
other regions would be infeasible.Prediction of thermodynamically feasible flux
distributions: the metabolic network of
A. succinogenes
To study the influence of crowding conditions on the flux
distribution, thermodynamically constrained flux variability
analysis (33) was carried out on the central carbon pathways
of A. succinogenes (Fig. 3; the detailed information of the
53 reactions and 41 metabolites is in Tables S4–S6. The
list of metabolites and reactions is in Appendix B.
In this section we use the values of standard Gibbs free
energy of formation of all metabolites (DfG
0) estimated
by the expanded group contribution method proposed by
Jankowski et al. (34).
Both input and output fluxes to/from the cell were fixed to
the experimental data reported by Vlysidis et al. (24) for the
batch production of succinic acid from glycerol by A. succi-
nogenes. The aim here is to determine the intracellular and
unmeasured fluxes.
The uptake flux of glycerol was set to 5.6524 mmol
gDW
1 h1, while the excreted products were set to the
following fluxes: acetate to 0.5965, formate to 0.4735, and
succinate to 3.8711 mmol gDW
1 h1. Biomass production
was equal to 1.8504 mmol gDW
1 h1 while the cellBiophysical Journal 109(11) 2394–2405
FIGURE 3 Central carbon pathways of Actinobacillus succinogenes for the production of succinic acid from glycerol. (Unidirectional arrow) The flux
through the reaction is a priori considered unidirectional. (Bidirectional arrow) The reaction is a priori considered reversible. (Larger arrowhead) How
the reaction was written in the stoichiometric matrix. (Dashed arrows) Input/output fluxes to/from the cell, which were fixed to experimental flux values.
(Shaded arrows) Biomass formation. (Italic numbers) Flux estimated for the corresponding reaction, such flux value was found to be independent of the
environmental condition tested. Fluxes have units of mmol gDW
1 h1.
2400 Angeles-Martinez and Theodoropouloscomposition is assumed as CH2O0.5N0.2 (35). Because
lactate, ethanol, fumarate, pyruvate, and oxaloacetate were
not experimentally detected in the medium (24) their pro-
duction fluxes were set to zero.
Because there are no available values for the metabolite
concentrations for this system, the concentration bounds
of all the metabolites were set to Cmax¼ 10 mM and Cmin¼Biophysical Journal 109(11) 2394–2405102 mM (12), while the crowding concentration was set to
the fixed value Ccrowder1 ¼ 6.5 mM for macromolecules of
Mcrowder1 ¼ 72 kDa and Ccrowder2 ¼ 300 mM for other small
molecules of Mcrowder2 ¼ 200 Da. The bounds of intracel-
lular fluxes were vmax ¼ 100 mmol gDW1 h1 and vmin ¼
100 mmol gDW1 h1 (5). The water flux exchange
to/from the cell was unconstrained.
Crowding and Thermodynamic Feasibility 2401If water is assumed as a volumeless particle, then the
number of molecules that can fit into the system (i.e., the
water density number) is proportional to the space not occu-
pied by other molecules and the density number of pure
water rwater,sol ¼ (1 – S3) rpure_water, while the activity coef-
ficient (Eq. 11) is reduced to gwater,sol ¼ 1/(1 – S3) and
gpure,water¼ 1. Therefore, the water activity (Eq. 10) is equal
to unity.
The optimization problem (constrained by thermody-
namics and mass balances) given by Eqs. 2‒4, 7, 11, and
15‒22 was also solved using the function fmincon
(MATLAB R2011a; The MathWorks). To increase the pos-
sibility of finding a minimum/maximum value close to the
global one, four different initial guesses were tested for
each variable x (as discussed above). These values were
then compared with the solution obtained when the objec-
tive function is another variable y (with its own four initial
guesses), which is equivalent to increasing the number of
effective initial guesses per variable.
Table 2 shows the environmental conditions (I, pHc, pHe,
and macromolecular crowding) and the molecules’ volume
consideration (r ¼ 0 for volumeless particles, and r f
M1/3 when the radii of the molecules are proportional to cu-
bic root of the molecular weight, the radii of molecules with
M < 20 Da are neglected) employed for the estimation of
the maximum and minimum flux values predicted in this
example.
Conditions 2‒4 express one change at a time in the bio-
logical standard values I, pHc, or pHe toward physiological
conditions. The aim of this is to compare the crowding effect
(condition 5 and 6) on flux distribution regarding other envi-
ronmental factors.
Although the crowders’ concentration is the same in all
the conditions tested (Ccrowder1 ¼ 6.5 mM for molecules
of Mcrowder1 ¼ 72 kDa and Ccrowder2 ¼ 300 mM for mole-
cules of Ccrowder2 ¼ 200 Da), the assumption that the radii
of all the molecules is zero (conditions 1‒4) causes their
activity coefficient to be equal to one, therefore the presence
of background molecules does not have an effect on the
thermodynamics and flux distribution of the metabolic
pathway.TABLE 2 Sets of environmental conditions tested for the FVA of A
Condition 1a Condition 2b Condition 3c Condition 4
pHc ¼ 7 pHc ¼ 6.7 pHc ¼ 7 pHc ¼ 7
pHe ¼ 6.2 pHe ¼ 6.2 pHe ¼ 7.4 pHe ¼ 6.2
T ¼ 298.15 K T ¼ 298.15 K T ¼ 298.15 K T ¼ 298.15
I ¼ 0 M I ¼ 0 M I ¼ 0 M I ¼ 0.2 M
r ¼ 0 r ¼ 0 r ¼ 0 r ¼ 0
aBiological standard conditions, volumeless molecules
bChange in pHc, volumeless molecules
cChange in pHe, volumeless molecules
dChange in I, volumeless molecules
eMolecules’ volume
fMacromolecules’ volumeAs shown before, the crowding conditions can change the
directionality of some reactions. For this metabolic network
(Fig. 3), and neglecting the (group contribution) uncertainty
in DrG
00, a greater number of reactions were predicted as
reversible for condition 5 compared with those under condi-
tions 1–4 (Fig. 4 A). A reversible reaction is one that can go
in both forward and backward directions; hence, the feasible
range of flux predicted covers both positive and negative
values, beyond a tolerance of 104 mmol gDW
1 h1.
The fact that more reactions go in both backward and for-
ward directions affects the attainable flux of other reactions,
therefore there exist more thermodynamically feasible flux
distributions for the same output fluxes (that in this example
were fixed to experimental values). FVA reveals that the
range of fluxes predicted under crowding conditions (condi-
tion 5) is either equal to or wider than those from conditions
1–4 (colored lines in Fig. 5).
Fig. 3 shows the fluxes estimated for those reactions
whose flux values do not change under the environmental
conditions 1–6.
A comparison of the number of reactions (under condi-
tions 2–5) whose range of fluxes differ from those predicted
under biological standard conditions (condition 1) suggests
that for this pathway the flux distributions are more sensitive
to crowding conditions primarily, and to ionic strength
secondarily (Fig. 4 B).
The impact of pHc and pHe was less significant on the
flux ranges (Fig. 4 B). That was expected because no
drastic changes were tested inasmuch as A. succinogenes
regulates the intracellular pHc within a narrow range (36),
and pHe was maintained between 6.2 and 7.4 during the
fermentation (24).
In this study we focus on the individual effect of I, pHc,
pHe, and crowders’ concentration, but certainly the environ-
mental conditions exert a combined effect on the feasibility
of metabolic networks. Hence, an appropriate model which
combines the effect of electrostatic and excluded volume in-
teractions (the two parameters with more influence on the
flux distributions), together with reliable thermodynamic
data and metabolite concentrations, would give a deep
insight into the complex intracellular processes.. succinogenes
d Condition 5e Condition 6f
pHc ¼ 7 pHc ¼ 7
pHe ¼ 6.2 pHe ¼ 6.2
K T ¼ 298.15 K T ¼ 298.15 K
I ¼ 0 M I ¼ 0 M
ri ¼ 0 for Mi < 20 Da ri ¼ 0 for Mi < 72 kDa
ri f Mi
1/3 for Mi R 20 Da ri f Mi
1/3 for MiR 72 kDa
Biophysical Journal 109(11) 2394–2405
FIGURE 4 (A) Comparison of the number of re-
actions predicted as reversible under conditions
1–6. (B) Number of reactions whose range of fluxes
(under conditions 2‒6) differs from those predicted
for condition 1. The group contribution uncertainty
in DrG
00 is not considered.
2402 Angeles-Martinez and TheodoropoulosTo simplify the calculation of the activity coefficients, we
assume that all metabolites and the crowder of type 2 (with
Mcrowder2 ¼ 200 Da) have negligible volume (condition 6).
Because the radii are equal to zero, all terms of the right-
hand side of Eq. 8 vanish except for the first one, which rep-
resents the volume fraction occupied by molecules. In this
case, this is determined by a constant concentration of
72 kDa macromolecules equivalent to 34% of the total
volume.
A comparison between the ranges of fluxes predicted us-
ing the full Eq. 8 (condition 5) and its simplified version
(condition 6) shows no difference (colored lines in Fig. 5).
This suggests that a good approximation of the crowding
effect can be easily incorporated to any linear thermody-
namically stoichiometric model (e.g., Henry et al. (5) and
Hoppe et al. (12)) by the addition of parameter RT ln(gi) ¼
RT/(1 – S3) to DfG
0
i
0.
However, there are slight differences in the range of DrG
estimated for both approximations (conditions 5 and 6)
(colored lines in Fig. 6). Although for this example these
DrG differences have no influence on the range of fluxes,
they could be more important for reactions near equilibrium
because small changes are needed to change the direction-
ality or feasibility of a reaction.FIGURE 5 Comparison of the direction and range of fluxes predicted for
some reactions under conditions 1–6. (Colored lines) Fluxes when the un-
certainty in DrG
00 is not taken into account; (shaded lines) behind them is
the flux range predicted considering the uncertainty. To see this figure in
color, go online.
Biophysical Journal 109(11) 2394–2405Up to this point the uncertainty SE associated with the
transformed standard Gibbs free energy of the reaction,
i.e., DrG
00 ¼PProductsi¼1 hiDf G00i PReactantsi¼1 hiDf G00i , esti-
mated by the group contribution method was not taken
into account.
To incorporate the influence of the uncertainty on the
thermodynamic analysis, the error variable E is added to
the Eq. 3, giving
DrGbr ¼
XProducts
i¼ 1
hi

Df G
00
i þ RT ln

a0i
 XReactants
i¼ 1
hi

Df G
00
i
þ RT lna0iþ E:
(24)
The variable E can take any value within the limits5SE of
each reaction as calculated by the group contribution
method (34).
The new optimization problem that takes into account the
uncertainty in DrG
00 (Eqs. 2, 4, 7, 11, 15‒22, and 24) pre-
dicts a range of DrG values wider than those where this is
not considered (or neglected) (gray lines in Fig. 6).
This causes some reactions to change their directionality,
so that in general the range of fluxes is also estimated to be
wider for all conditions tested (gray lines in Fig. 5). For this
example, the uncertainty given by the group contribution
method masks the effects of I, pHc, pHe, and crowdingFIGURE 6 Comparison of DrG estimated for some reactions under con-
ditions 1–6. (Colored lines) Range of DrG when the uncertainty in DrG
00 is
not taken into account. (Shaded lines) Behind them is the DrG predicted
considering the uncertainty. To see this figure in color, go online.
Crowding and Thermodynamic Feasibility 2403conditions on the estimation of the range of fluxes (Fig. 5).
This reflects the importance of using more accurate thermo-
dynamic data.
Finally, to determine the impact of crowding conditions
on the maximum attainable biomass flux, the (thermody-
namically constrained) flux balance analysis (Eqs. 2‒4, 7,
11, and 15‒22) was applied to the central carbon pathways
of A. succinogenes (Fig. 3). The uncertainty in DrG
00 is not
taken into account.
Experimental observations indicate the relation between
the CO2 availability in the medium and the growth and suc-
cinate production of A. succinogenes. The following uptake
fluxes were set: glycerol 5.6524 mmol gDW
1 h1, CO2
1.7602 mmol gDW
1 h1, and phosphate 0.1598 mmol
gDW
1 h1. The remaining extracellular fluxes were left un-
restricted. The concentration and intracellular flux bounds
mentioned before were unchanged.
The maximum biomass production rate estimated was
1.8495 mmol gDW
1 h1 under both crowding conditions
and the biological standard condition (conditions 5 and 1,
respectively, see Table 2), which agrees with the experi-
mental results (24).
Only small differences were found for the maximum suc-
cinate flux: (condition 5) 4.100 mmol gDW
1 h1 and (con-
dition 1) 3.5302 mmol gDW
1 h1. Both values are within
the range vsuccinate,exp5 9%. This confirms that, for the sys-
tem analyzed, crowding conditions acting on the robustness
of the metabolic network, aid in reaching the same output
flux but with different flux distributions.
It is noteworthy that the concentration bounds used here
have an important role in this conclusion, because the use
of other very restricted bounds/limits may turn complete
pathways to be infeasible (as shown in the lactic acid
pathway example). However, where the crowding condi-
tions may favor the flux through them, this will affect the
estimation of some output fluxes.CONCLUSIONS
Along with other environmental conditions such as I, T, pHc,
and pHe, the presence of background molecules may also
play an important role in the feasibility and directionality
of reactions.
In this article, SPT was used to incorporate the crowding
effects on the thermodynamic analysis. It was found that
changes in the crowding conditions can push a pathway to
one direction or another. This suggests the importance of
heterogeneity in crowding (i.e., some regions within the
cell being more crowded than others) or the compartmental-
ization (in eukaryotes) of the intracellular space, which
could favor the feasibility of certain pathways.
Moreover, a crowded medium may affect the flux distri-
bution in a metabolic system. In fact, FVA estimates a wider
range of fluxes when crowding is taken into account
compared with the standard conditions. Because more ther-modynamically feasible flux distributions are possible, the
microorganism could cope more easily with environmental
or genetic changes that prevent certain flux distributions.
Maybe, a rearrangement in the spatiotemporal distribution
of the cellular components (37), increasing/decreasing the
crowding conditions of a particular region, would also
help to maintain the feasibility of the system despite some
environmental/genetic perturbations.
Nevertheless, the enhancement in the metabolite’s activ-
ity caused by the crowding conditions is accompanied
by a decrease in the diffusion and the degree of mixing
of the molecules, hence reaction between two reactants
is less likely (38,39), which was not considered in this
article.
Due to the high influence of the excluded volume and
electrostatic interactions (related with the crowding condi-
tions and ionic strength) on the feasibility and flux distribu-
tion of a metabolic network, the use of a model that
incorporates the combined effect of these two interactions
would give a better understanding of environmental condi-
tions’ control on the metabolism.APPENDIX A: CALCULATION OF DfGi
00
In this section the methodology for the estimation of transformed standard
Gibbs free energy of formation of the metabolite i (DfGi
00) is presented,
which for the purpose of this article is represented by its pseudoisomer
group i, at different values of I and pH.
A pseudoisomer group i is made up of all the protonated species j formed
by the dissociation of the metabolite i in aqueous solutions (27), whose
proportions depend on the logarithm of the acid dissociation constant
pKa. So, for example, for the reaction HA/
pKa
A, if the change in standard
Gibbs free energy of the speciesHA (DfG0HA) is known, thenDfG
0
A for the
species A can be calculated by
Df G
0
A ¼ Df G0HA þ pKaRTlnð10Þ: (A1)
The DfGj
0 values of species j (at standard biological conditions pH ¼ 7,
I ¼ 0 M, and T ¼ 298.15 K) of several metabolites can be found in data-
bases (e.g., Alberty (27) and Li et al. (40)) or estimated by any group contri-
bution method and other predictive method, for example the one proposed
by Jankowski et al. (34), or by Noor et al. (41).
In this article we use the Calculator Plugins, MarvinSketch ver. 5.5.1.0
(ChemAxon, http://www.chemaxon.com) for the estimation of the pKa
values of all the metabolites (the molecular structure is required).
Once the DfGj
0 values for all the species of a metabolite are found, then
if the environmental conditions I and pH are different from the standard bio-
logical conditions, the transformed Gibbs free energy change DfGj
00 (when
pH is considered constant) can be calculated as (27)
Df G
00
j ¼ Df G0j 
Az2j I
1
2
1þ BI12 RT lnð10Þ  NH;jDf GH; (A2)
where
Df GH ¼ Df G0H 
AI
1
2
1þ BI12 RT lnð10Þ  RT ln

10pHþpHref

:
(A3)Biophysical Journal 109(11) 2394–2405
2404 Angeles-Martinez and TheodoropoulosThe constants of the extended Debye-Hu¨ckel equation are given as
A ¼ 0.51 and B ¼ 1.6. Here, zj is the electric charge of species j; NH,j is
the number of H atoms in species j; and pHref ¼ 7 is the reference pH at
the standard biological conditions.
Finally, assuming that all species j of the metabolite i are in equilibrium,
the DfGi
00 of the pseudoisomer group i can be estimated as (27)
Df G
00
i ¼ R  T  ln
( XNspecies
j¼ 1
e

Df G00j
R T
)
: (A4)APPENDIX B: LIST OF METABOLITES AND
REACTIONS
13dpg, 3-phospho-D-glyceroyl phosphate
2pg, D-glycerate 2-phosphate
3pg, 3-phospho-D-glycerate
6pgc, 6-phospho-D-gluconate
6pgl, 6-phospho-D-glucono-1,5-lactone
Ac, acetate
acald, acetaldehyde
accoa, acetyl-CoA
actp, acetyl phosphate
ADP, adenosine diphosphate
ATP, adenosine triphosphate
CO2, carbon dioxide
Coa, coenzyme A
dhap, dihydroxyacetone phosphate
e4p, erythrose 4-phosphate
etoh, ethanol
f6p, fructose 6-phosphate
fdp, fructose 1,6-bisphosphate
for, formate
fum, fumarate
g3p, glyceraldehyde 3-phosphate
g6p, glucose 6-phosphate
glyc, glycerol
glyc3p, glycerol 3-phosphate
H2O, water
lac, lactate
mal, malate
NAD, nicotinamide adenine dinucleotide
NADH, nicotinamide adenine dinucleotide - reduced
NADP, nicotinamide adenine dinucleotide phosphate
NADPH, nicotinamide adenine dinucleotide phosphate - reduced
Oaa, oxaloacetate
pep, phosphoenolpyruvate
pi, phosphate
pyr, pyruvate
r5p, ribose 5-phosphate
ru5p, ribulose 5-phosphate
s7p, sedoheptulose 7-phosphate
succ, succinate
xu5p, xylulose 5-phosphate
ACALD, acetaldehyde dehydrogenase
ACKr, acetate kinase
ACYP, acetyl phosphate phosphohydrolase
ALCD2x, alcohol dehydrogenase
ATPm, ATP requirements for other reactions
ENO, enolase
EX_ac(e), acetate exchange
EX_CO2(e), CO2 exchange
EX_coa(e), coenzyme A exchangeBiophysical Journal 109(11) 2394–2405EX_etoh(e), ethanol exchange
EX_for(e), formate exchange
EX_fum(e), fumarate exchange
EX glyc(e), glycerol exchange
EX_H2O(e), water exchange
EX_lac(e), lactate exchange
EX_oaa(e), oxaloacetate exchange
EX_pi(e), phosphate exchange
EX_pyr(e), pyruvate exchange
EX_succ(e), succinate exchange
FBAr, fructose-bisphosphate aldolase
FBP, fructose-1,6-bisphosphatase
FDH3, formate dehydrogenase
FRD, fumarate reductase
FUM, fumarase
G3PD2, glycerol 3-phosphate dehydrogenase
G6PDH2r, glucose 6-phosphate dehydrogenase
GAPD, 3-phosphate glyceraldehyde dehydrogenase
GLYK, glycerol kinase
GND, phosphogluconate dehydrogenase
LDH, lactate dehydrogenase
MDH, malate dehydrogenase
ME2, malic enzyme
NADHm, NADH requirements for other reactions
NADPHm, NADPH requirements for other reactions
OAD, oxaloacetate decarboxylase
PDH, pyruvate dehydrogenase complex
PGI, glucose-6-phosphate isomerase
PGK, 3-phosphoglycerate kinase
PGL, 6-phosphogluconolactonase
PGM, phosphoglycerate mutase
PFK, 6-phosphofructokinase
PFL, pyruvate formate lyase
PPCK, phosphoenolpyruvate carboxykinase
PTAr, acetate phosphotransferase
PYK, pyruvate kinase
RPE, ribulose 5-phosphate 3-epimerase
RPI, ibose-5-phosphate isomerase
TALA, transaldolase
TKT1, transketolase
TKT2, transketolase
THD2, NAD(P) transhydrogenase
TPI, triose-phosphate isomeraseSUPPORTING MATERIAL
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